This paper examines why order flows are empirically important drivers of spot exchange rate dynamics. We consider a decomposition for the depreciation rate that must hold in any model and show that order flows will appear as important proximate drivers when they convey significant incremental information about future interest rate di↵erentials, risk premiums and/or long-run exchange rate levels (i.e., information that cannot be inferred from publicly observed variables). We estimate the importance of these incremental information flows for the EURNOK spot exchange rate using eight years of highquality, disaggregated, end-user order flow data collected by the Norges Bank.
Introduction
Macroeconomic models stress the role of interest rate variations in driving exchange-rate dynamics. Although researchers have long-recognized the existence of deviations from uncovered interest parity (UIP), macro variables determine exchange rates in many models via their impact on the expected future path of interest di↵erentials in a manner consistent with UIP.
1 By contrast, the empirical link between exchange rates and macro fundamentals via interest di↵erentials appears rather weak. While Engel and West (2006) , Engel, Mark, and West (2008) and Mark (2009) all find that changing expectations of Taylor-rule interest rates do have exchange-rate e↵ects; overall, they account for a small fraction of exchange-rate variability over months and quarters (see Evans, 2011) . More generally, the opaque empirical connection between exchange rates and macro fundamentals presents a problem for central banks trying to predict the e↵ects of policy actions because their exchange-rate e↵ects are potentially important for inflation and competitiveness. One factor contributing to this opaqueness is the di culty in identifying expectations. The real-time information available to foreign exchange market participants is typically far richer than the information available to researchers or central bankers. So the failure to identify the macro factors that account for exchange rate movements may simply reflect the mis-measurement of expectations. In this paper we model expectations conditioned on information that more closely corresponds to the real-time information of market participants, and explore the implications for the link between macro fundamentals and exchange-rate movements.
We draw on recent research which applies the analytic tools of microstructure finance to exchange-rate modeling. Here exchange rates are determined via a trading process which aggregates information contained in individual currency transactions and facilitates the e cient sharing of risks across market participants.
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These micro-based models make a sharp empirical prediction about the proximate drivers of exchange rates:
Insofar as currency orders entering the market contain dispersed (non-public) information about the prospective risk and returns on di↵erent currency-denominated securities, the market-wide transaction flows produced by these orders induce an adjustment in the equilibrium exchange rate. A large empirical literature supports this prediction across many currencies. 3 In particular one measure of transaction flows, order flow (i.e., the net of buyer-and seller-initiated transaction volume), appears as the dominant empirical driver of exchange-rate changes over horizons ranging from a few minutes to a few months. We build on this empirical finding by including order flows along with other publicly-observed macro variables in the information set used to identify expectations in our model. We then examine the incremental information order flows convey about future interest rates and risk premia that ultimately determine the movements in exchange rates over macro-relevant horizons. Thus our analysis bridges the divide between the existing empirical literature linking order flows and exchange rates, and the traditional empirical literature linking exchange rates with macro fundamentals.
Our analysis is only made possible by the availability of high quality market-wide trading data that spans a long time period. In particular we use data collected by the Norwegian central bank, the Norges Bank, on currency transactions between the euro and Norwegian krone (EURNOK) over eight years starting in 1 For example, in New Keynesian models exchange rates react to revisions in the expected future path for interest di↵erentials implied by Taylor rules that characterize how central banks' respond to changing macro conditions. See Chinn (2012) for a recent overview of the literature.
2 See Evans (2011) for a textbook discussion of these models. 3 For recent surveys of the literature, see Osler (2009) and Evans and Rime (2012) .
October 2005. One distinctive feature of these data is that they capture a large fraction of total trading activity in the market, rather than transactions conducted by a single bank or group of market participants.
As such, they provide us with the most precise data available on conditions known to market participants in real time. Earlier research reported in Evans (2010) and Evans and Lyons (2013) used several years of order flow data from a single large bank, while Rime, Sarno, and Sojli (2010a) examine a year's worth of marketwide data, and Froot and Ramadorai (2005) use the currency positions of a particular subset of market participants. We are fortunate that our data covers a period during which both the EURNOK exchange rate and macroeconomic conditions in Norway and the Euro-area varied significantly. Furthermore, The Norges
Bank data includes information on the transactions made by di↵erent key groups of market participants:
banks, financial non-bank organizations and non-financial firms. We use this feature of the data to more precisely estimate how real-time expectations of market participants a↵ect the EURNOK exchange rate.
The empirical model we develop combines forecasts from Vector Autogressions (VARs) with an accounting identity that identifies all the factors driving the change in the log EURNOK rate (i.e., the depreciation rate) over any finite horizon. Importantly, this approach allows us to study how the incremental information conveyed by order flows contributes to the EURNOK depreciation rate without reference to a particular economic model (like a New Keynesian model). One drawback of this approach is that it limits detailed interpretation of our results. In particular, we cannot identify why order flow may contain significant incremental information concerning some variables and not others. However, since our data spans both the world financial crisis and the european debt crisis where central banks engaged in extraordinary policy measures, any attempt to estimate a structural model would undoubtedly required the imposition of wildly counterfactual assumptions about the conduct of monetary policy over a good portion of our data sample.
The model estimates deliver several striking results: First we find that order flows from both financial and non-financial end-users (i.e., non-banks) convey significant incremental forecasting power for the EURNOK depreciation rate over horizons ranging from one week to one year. In fact, the forecasting power of order flows peaks at close to 20 percent at 5 months. This finding clearly contradicts the notion that the exchangerate e↵ects of order flows are only short-lived; lasting no more than hours or perhaps days. Second, we find that none of the forecasting power of the order flows comes from information they convey about future interest rates. They carry no significant incremental information beyond that contained in publicly observed macro variables which produce very stable interest rate forecasts over time. Consequently, like the studies cited above, we attribute little of the variation in depreciation rates to changing interest-rate expectations even when conditioning on order flows. Third, we find that the forecast power of order flows for depreciation rates arises from the information they carry about future excess returns on euro-area bonds; i.e., future risk premia. Moreover, unanticipated order flows produce revisions in expected future risk premia and the long-run exchange rate (ten years ahead) that together generate unexpected variations in the EURNOK rate.
Finally, we show how revisions in these expectations contributed to the sizable movements in the EURNOK rate during the world financial crisis and european debt crisis.
Our analysis builds on two distinct strands of prior empirical exchange-rate research: one based on macro models (e.g., Engel and West 2006 , Engel, Mark, and West 2008 and Mark, 2009 , and one based on micro models that examines the role of order flow. The novel aspect of our work, relative to the macro models, is that we estimate conditional expectations driving the exchange rate using information on both order flows and macro variables to more closely approximate the information available to market participants in real time. In this respect our work is close to Froot and Ramadorai (2005) (hereafter F&R) who use changes in institutional investors' currency holdings as an additional variable in a VAR-based exchange-rate model.
However, our analysis di↵ers from F&R in several important ways: First, their model restricts the long-run behavior of exchange rates and is estimated for a group of currencies with a VAR that imposes numerous coe cient restrictions. In contrast, we impose no long-run restrictions on our VARs. Second, their data on changing currency positions does not measure market-wide order flow, which comprises the flows from many distinct groups of end-users, not just institutional investors. Earlier research (e.g., King, Sarno, and Sojli, 2010; Evans, 2010) shows that order flows from di↵erent end-users convey di↵erent information about future fundamentals and exchange rates. The Norges data allow us to check the robustness of our findings to di↵erent measures of market-wide order flow derived from the transactions of di↵erent end-user groups.
Third, we examine how information conveyed by order flows a↵ects deprecation rates over horizons ranging from one week to one year. This contrasts with F&R who use their VAR model to focus on daily depreciation rates alone.
Early micro-based exchange-rate research focused on the contemporaneous links between exchange rates and order flows, and to a lesser extent on the forecasting power of order flows for future depreciation rates over short horizons. Our work is more closely related to later research that examines the information conveyed by order flows. In particular, Evans (2010) and Evans and Lyons (2013) examine whether order flows from end-users contain incremental (non-public) information about (unreported) current and future macro variables. Evans and Lyons (2013) find, for example, that the order flows in the EURUSD market have considerable incremental forecasting power for future GDP growth, inflation and M1 growth in the US and Germany. Insofar as these variables a↵ect future monetary policy, we would expect order flows to have incremental forecasting power for future interest di↵erentials. In a similar vein, Rime, Sarno, and Sojli (2010a) show that order flows have short-term forecasting power for specific macro data releases.
The remainder of the paper is organized as follows: The next section presents the model we use to identify how incremental information conveyed by order flow drives depreciation rates. We describe the Norges Bank data in Section 3. Our empirical results are presented in Section 4. Section 5 concludes.
Depreciation Rates and Order Flow Information
In micro-based models order flows a↵ect currency prices because they contain price-relevant information to market participants (see, e.g. Evans, 2011) . Here we present an empirical model that enables us to identify the type of information conveyed by order flows. Theoretically speaking, there are just three possibilities:
(i) information concerning the future course of short-term interest rates, (ii) information about the future risk premia necessary to compensate market participants for the possibility of adverse future spot rate variations, and (iii) information concerning the long-run spot rate. While theoretical exchange-rate models place restrictions on the relative importance of these information flows, we use time series techniques to estimate their relative importance consistent with joint behavior of spot rates and other variables. This approach allows us to identify the type and importance of the information contained in order flows that gives rise to their e↵ects on spot rates.
We start with the definition of the expected log excess return on holding foreign currency between the periods t and t + 1:
where s t is the log exchange rate (NOK/EUR). Here r t andr t are the log home (Norway) and foreign (Euro) one period nominal interest rates and E d t denotes expectations conditioned on information known to currency dealers at the start of period t, ⌦ d t . We refer to t as the foreign exchange risk premium, although, strictly speaking, t also contains a Jensen inequality term to account for the fact that we are dealing with log rather than gross returns. We distinguish between the information available to currency dealers and information that is publicly known below.
Next, we rewrite (1) as a di↵erence equation in s t and solve forward H periods. Applying the Law of Iterated Expectations to the resulting expression produces s t = E day to one month. Equation (4) tells us that this forecasting power must reflect a correlation between current order flows and expectations concerning the future path of interest rates and the risk premia, identified by the first two terms of the right-hand-side of the equation. In contrast, the strong contemporaneous correlation between deprecation rates and order flows reported in Evans and Lyons (2002) and many others, largely reflects the link between unexpected depreciation rates and order flows. This linkage is identified by the terms in the last two rows of (4). Unexpected order flows between periods t and t + h can only a↵ect the h-period depreciation rate, h s t+h , insofar as they convey information that leads to revisions in forecasts for future interest rates, risk premia and the long-run exchange rate.
4
We study the link between order flows and depreciation rates by examining the incremental e↵ects of order flows on the expectations' terms on the right-hand-side of equation (4) t is spanned by current and past order flows. Thus order flows augment the public information available to dealers. And, since the trading decisions of dealers literally determine exchange rates, order flows must a↵ect spot rates through the incremental information they convey to dealers.
We identify the incremental information conveyed by of order flow concerning any variable { t at horizon i by the di↵erence between the forecasts conditioned on ⌦ 
Applying this idea to equation (4) provides an information-centered perspective on the links between order flows and depreciation rates. For example, the forecasting power of current order flows for future depreciation rates, h s t+h , must arise because they contained incremental information concerning
P h 1 i=0 (r t+i r t+i ) 6 = 0, and/or risk premia (E
P h 1 i=0 t+i 6 = 0. Similarly, we can study how the incremental information contained in unanticipated order flows contributed to spot rate movements. For example, the revisions in interest rate expectations that contribute to unexpected spot rate movements in the second line of (4) can be rewritten as
Here the first term identifies the contribution of public news, while the second identifies the contribution of unexpected order flows observed by dealers between t and t + h. Revisions in expectations concerning future risk premia and long-run exchange rate (i.e., the last two terms on the right-hand-side of 4) are examined in an analogous manner.
In our empirical implementation, we examine the informational role of order flows as the drivers of depreciation rates in weekly data for horizons h ranging from one week to one year (i.e., h = 1, . . . , 52).
To allow for the possibility that order flows may convey information about interest rates and risk premia well into the future, we set the horizon for the expected long-run spot rate at ten years (i.e. H = 520).
This means that we must estimate expectations for interest rates and risk premia up to ten years into the future. To accomplished this we use forecasts for two VARs. One includes spot rates, interest rates and other variables from the public information set, ⌦ 
where V(.) and CV(., .) denote the variance and covariance, respectively. Dividing through by the variance
where
Here R e s (h) identifies the fraction of the variance in the h-period depreciation rate attributable to changes in expected depreciations rates conditioned on ⌦ n t for n = {d, p}, while R u s (h) identifies the complementary ratio attributed to unexpected depreciation. These ratios are readily computed from the estimated VARs (see Appendix for details).
Comparing the R e s (h) and R u s (h) ratios from the two VARs provides information on the incremental forecasting power of order flows for future depreciation rates across horizons. To understand the source of order flow's forecasting power we also compute
Equation (3a) implies that 1 = R e r r (h) + R e (h) so these ratios identify the contribution of changing expectations concerning future interest di↵erentials and those concerning the risk premia to the variance of expected depreciation rates. We compare these ratios computed from the two VARs to study the source of order flow's forecasting power for depreciation rates.
Unexpected variations in depreciation rates can be decomposed in an analogous manner. Equation (3b)
Here the ratios R u r r (h), R u (h) and R ū s (h) identify the contributions of news concerning future interest di↵erentials, risk premia and the long-run spot rate to the variance on expected depreciation rates, respectively. Again, we study the extent to which order flows convey this news by comparing the ratios computed from the two VARs.
The ratios described above provide evidence on the role of order flow over the entire sample period. In addition we trace how order flows contribute to the historical movements in the EURNOK spot rate. For this purpose we use the VARs to compute alternative estimates of the expected future path for interest di↵erentials, the risk premium and the long-run spot rate; the terms identified on the right-hand-side of (2). Through this analysis we are able to identify particular episodes where it appears that the information conveyed by order flow was particularly important in driving the spot rate. It also provides graphic evidence on the persistence of order flows a↵ects.
Data Description and Characteristics
This section describes the order flow and macro data used in the empirical analysis. Our sample period is limited by the availability of the order flow data collected by the Norges Bank, which started in October 2005. Although data on order flows and spot rates is available day-by-day, we conduct our empirical analysis with data sampled at a weekly frequency. Trading in the foreign exchange market is very opaque: there is no single trading venue and banks are not required to report their dealers' trading to financial regulators on an on-going basis. Consequently, dealers only learn about the market-wide order flow via their market interactions. Prior research (see e.g. Evans and Lyons (2005a) and Evans (2011)) indicates that the complete dissemination of information across the foreign exchange market can take hours or even days. Our approach assumes that (most) information concerning end-user orders flows during a week is disseminated across the market by the end of each week.
The focus of our analysis is the EURNOK rate. This is the most liquid currency pair involving the
Norwegian krone (NOK). According to the Bank for International Settlements (BIS) 2013 Triennial Foreign
Exchange survey, the daily spot trading volume in EURNOK was USD 11bn compared to USD 6.4bn for the USDNOK, the second most liquid currency pair.
5 We use several macroeconomic time series to span the real-time information set available to market participants. These include: (i) the one-week interest rate di↵erential against the euro, (ii) the euro-area term spread between one year and one week bond yields, the Norwegian term spread between one year and one week bond yields, (iii) the weekly change in USDdenominated Brent oil price and the (iv) the change in Norwegian real estate prices. All of these macro variables, except the real estate prices, are measured at the end of each week. Weekly real estate prices are estimated by cubic interpolation of monthly data (the NEF price index) published by the Norwegian Association of Real Estate Agents. For the sake of parsimony, we use the interest rate to capture the public information in our benchmark analysis and then check that our results are robust to the addition of the oil and real estate price series. Descriptive statistics are reported in Table 1 . The foreign exchange market is structured as a two-tier market, where end-users of currency (firms and households) transact with intermediaries (banks) in the first tier, and then the intermediaries transact with each other in the second tier. 6 Importantly, the intermediaries have limits (either self-imposed or by interdealer trading volumes are USD 4bn and USD 1.9bn for EURNOK and USDNOK, respectively. Among end-users the financial clients are most important, representing USD 6.3bn and USD 3.7bn. Trading in the USDNOK market to a large extent reflects the importance of Norwegian oil-revenues. 6 This description is remains accurate despite structural changes in the foreign exchange market over the last 10 years. Furthermore, the distinction between, and importance of, end-users and intermediaries is unchanged. Table 2 . Here we see that the financial order flows are more volatile than the non-financial flows, particularly the order flows from other foreign banks.
Indirect evidence on the diverse information conveyed by financial and non-financial order flows is provided in Table 3 . Here we present the results from regressing the EURNOK depreciation rate on di↵erent combinations of interest rates and the two order flows defined above. The dependent variable in these regressions is the one-week change in log exchange rate, measured as a yearly return. The coe cient on order flow measures the impact of a one-standard deviation change in order flow. Heteroskedastic-robust standard errors are reported in parenthesis below the coe cient estimates. Consistent with many earlier studies, we find that the interest rates account for little of the variation in the depreciation rate. When order flows are absent, none of the coe cients on the interest rates are statistically significant at conventional levels and Of course the impact of order flows on depreciation rates may reflect something other than just the impounding of information. For example, F&R argue that the estimated impact of order flow could arise from temporary illiquidity e↵ects or congestion. As transactions go through the market, they argue, currency prices move temporarily to allow the volumes to be transacted. One way to asses this view is to consider the long-term e↵ects of order flows on the level of exchange rates. To this end we examine whether the log level of the EURNOK rate is cointegrated with the cumulated order flows from financial and non-financial end-users. We create two Vector Error Correction models (VECM), where each contain the log level of the EURNOK, together with the separate cumulative flows of the four end-user segments assigned to financial and non-financial groups, respectively (see Figure 1 ). This is done in order to create aggregate end-user flows as linear combinations of the underlying separate flows. Panel A of We also examine the forecasting power of the end-user flows for future depreciation rates. We consider the returns from following a simple trading strategy based on the fitted values from a regression of next week's depreciation rate on a current predictor. The strategy involves holding a long (short) position in the euro when the fitted value from the regression implies an appreciation (depreciation) of the euro. Table 5 reports statistics on the returns from this strategy when di↵erent variables are used as predictors: The first two rows show results when the error-correction term involving di↵erent end-user order flows estimated from VECMs are used as predictors. The third and fourth rows show results from a carry trade strategy using the current interest di↵erential and a momentum strategy using the depreciation rate as predictors, respectively.
As the table clearly shows, the average returns from strategies using end-user order flows are substantially higher (but no more volatile) than those using the momentum or carry trade strategies. These findings are consistent with earlier results on the forecasting power of order flows (e.g., Evans and Lyons, 2005b; Rime, Sarno, and Sojli, 2010a ). Table show annualized return from predictive regressions, going long EUR whenever the EUR is predicted to appreciate and short otherwise. All regressions are for weekly return regressed on one lag of predictor. For the flows the predictor is the error-correction term. The financial crisis is excluded from the sample.
In summary the end-user order flows we construct from the Norges Bank data exhibit similar characteristics to the order flows examined in earlier studies: They have strong predictive and contemporaneous explanatory power for the EURNOK depreciation rate and when cumulated they account for most of the persistent variations in the level of EURNOK rate. Moreover, our data spans a longer and more recent time period, and covers a larger share of the total market than the data used in earlier studies (e.g., Froot and Ramadorai, 2005; Bjønnes, Rime, and Solheim, 2005; Evans and Lyons, 2013) . 8 In this respect it appears well-suited to studying the role order flows play in the determination of exchange rates over macro-relevant time spans. 
Empirical Analysis
This section presents the our main empirical findings -the estimated variance decompositions that quantify the incremental information contained in end-user order flows. These estimates are computed from two baseline VAR specifications: the VAR-P model that includes just publicly observed macro variables, and the VAR-D model that includes the same macro variables and the error-correction term involving the log exchange rate and financial end-user order flows. As we discuss in Section 4.4, the results we present here are robust to the inclusion of additional macro variables (specifically oil prices and real estate returns) and the use of di↵erent order flows (i.e. non-financial flows) in the error-correction term.
Baseline VAR Estimates
Our baseline VAR-P model includes the weekly depreciation rate s t , the interest di↵erential, r t r t , and both the NOK and EUR spreads between long and short-term nominal interest rates, spr t and d spr t . In addition to these variables, the base-line VAR-D model also includes the error-correction term z t = s t ✓0 x Table 6 reports the results of Granger Causality tests for our baseline VAR-D model. Overall, the test statistics indicate a rich pattern of forecasting power among the variables. For each of the equations in the VAR there are at least two variables that appear to have statistically significant forecasting power. That is to say, none of the variables appears strictly exogenous. Notice, in particular, that both the error-correction term and NOK spread have forecasting power for the depreciation rate, and the NOK spread has forecasting power for the error correction term. In contrast, the interest di↵erential has no significant forecasting power for the depreciation rate -a finding consistent with the failure of uncovered interest parity. Granger Causality tests for our baseline VAR-P model produce very similar findings to those reported in the first four rows and columns of Table 6 . These findings appear robust to our treatment of the world financial crisis. Including data from 1/7/2008 and 30/6/2009 when estimating the VAR produces very similar Granger Causality test statistics.
Variance Ratios
The plots in Figures 3 and 4 summarize our key findings concerning the role played by financial end-user order flows in the determination of the EURNOK depreciation rate. Here we show the variance ratios implied by our baseline VAR-P and VAR-D models for horizons of one to 52 weeks. The solid line in each panel plots the ratio implied by the estimated VAR-D model (i.e., the VAR with order flows), while the dashed line plots the ratio implied by the estimates of the VAR-P model (i.e., the VAR without order flows). The shaded area identifies the 90% confidence band computed from 5000 bootstrap replications of the VAR-D model. Figure 3 show how the incremental information conveyed by financial end-user order flows contributes to the variations in expected depreciation rates. Recall that the R e s (h) ratio measures the fraction of the variance in the h-period depreciation rate attributable to changes in expected depreciation conditioned on ⌦ n t for n = {d, p}. Panel (a) shows that these ratios are very di↵erent depending on whether the conditioning information set includes order flows. When order flows are not included, the estimated R e s (h) ratio is close to zero across all horizons. This is not surprising because macro variables -like the interest rates spreads included in the VAR-P model -have little forecasting power for future depreciation rates across many currency pairs (see, e.g., Rossi, 2013) , so the small values for R e s (h) simply confirms their lack of forecasting power in the case of the EURNOK rate. In contrast, the values for R The plots in Figure 3 have two further noteworthy features. First, they dispel the notion that information conveyed by order flow is only relevant for exchange rate determination over short horizons. As the plots in panel (a) clearly show, the forecasting power of order flow for future depreciation rates is not concentrated at horizons covering a couple of weeks. Second, order flows lack of incremental forecasting power for future interest di↵erentials is consistent with the idea that relevant information concerning future short-term interest rates is quickly reflected in the current term structure. And, insofar as the interest di↵erential is determined by the monetary policy actions of the ECB and Norges Bank, there is no evidence in our results that financial 9 While the estimates of R e (h) implied by the VAR-P model are also close to one, macro variables contain little information that contributed to variations in expected future risk premia because the denominator in R e (h), the variance of expected depreciation rate, is very close to zero (as shown by the estimates of R e s (h) from the VAR-P model). " 4" 7" 10" 13" 16" 19" 22" 25" 28" 31" 34" 37" 40" 43" 46" 49" 52" (b) R e r r (h) !0.08% !0.06% !0.04% !0.02% 0% 0.02% 0.04% 0.06% 0.08% 0.1% 1% 4% 7% 10% 13% 16% 19% 22% 25% 28% 31% 34% 37% 40% 43% 46% 49% 52%
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Notes:
R e s (h) identifies fraction of the variance in the h-period depreciation rate attributable to changes in expected depreciations rates.
R e r r (h) and
identify the the fraction of the variance in the expected h-period depreciation rate attributable to changing expectations concerning future interest di↵erentials and those concerning the risk premia, respectively. The solid line plots the ratio implied by the estimates of the VAR-D model against the horizon h measured in weeks. The shaded grey band identifies the 90% confidence band for the ratio computed by a bootstrap. The dashed line plots the variance ratio implied by the estimates of the VAR-P model.
end-user order flows contain more precise information about future monetary policy than can be inferred from the euro-area and Norwegian term structures.
We next turn to the role played by unanticipated order flows. Figure 4 plots the R u r r (h), R u (h) and R ū s (h) ratios implied by the estimates of VAR-P and VAR-D models. These ratios measure the contributions of news concerning future interest di↵erentials, risk premia and the long-run rate to the variance on unexpected depreciation rates, respectively. (Recall that the expected long run rate is defined as the log level of the exchange rate expected to prevail 10 years into the future.) By construction, 1 = R u r r (h) + R u (h) + R ū s (h), so these ratios provide a complete account of the factors driving unexpected variations in the EURNOK rate.
In panel (a) we see that the plots of R u r r (h) based on the both the VAR-P and VAR-D model are close to zero at all horizons. This implies that revisions in the expected future interest di↵erentials contribute little to unexpected variations in the depreciation rate.
10 Recall from panel (b) of Figure 3 that variations in expected future interest rates also contribute little to the variations in expected depreciation rates. So, all in all, both the VAR-P and VAR-D model estimates imply that variations in interest di↵erentials, expected or unexpected, are empirically unimportant drivers of the EURNOK rate. This is not to say that changes in prospective future interest di↵erentials never have an e↵ect. As we shall show below, there are occasions where they had a sizable e↵ect. However, these occasions happen very rarely. Overall, variations in interest di↵erentials contribute little to the dynamics of the EURNOK rate. This finding contradicts the long-standing notion that UIP links spot exchange rate dynamics to interest di↵erentials. However, it is consistent with the findings in Evans (2012) for exchange rates across the G-7 countries.
The estimates of R u (h) and R ū s (h) plotted in panels (b) and (c) show what drives unexpected variations in the EURNOK rate. Consider first the dashed plots that identify the estimates ratios from the VAR-P model. Here we see that the estimates of R u (h) and R ū s (h) are close to zero and one respectively. Macro variables contain little information about future interest di↵erentials or risk premia, so unexpected changes in the current exchange rate, interest di↵erential or term spreads must reflect an close to a one-to-one revision in the expected long run level of the exchange rate. Indeed, in the extreme case where the macro variables were completely irrelevant so that the log exchange rate followed a random walk, R The clear di↵erences between the R u (h) and R ū s (h) ratios implied by the VAR-P and VAR-D model estimates point to the role played by financial end-user order flows in driving unanticipated variations in the EURNOK rate. Unexpected order flow conveys news that leads to revisions in expectations about both the 10 F&R also studied the source of exchange-rate variations in a VAR that included flows constructed from changes in institutional investors' currency holdings. They found that most of the variation unexpected in daily real depreciations rates was attributable to news concerning future risk premia rather than interest di↵erentials (see, F&R Table III ). This finding is consistent with the small values for R u r r (h) implied by our VAR-D model estimates at the h = 1 week horizon because daily changes in real exchange rates are dominated by variations in nominal rates. !0.03% !0.025% !0.02% !0.015% !0.01% !0.005% 0% 0.005% 0.01% 0.015% 1% 4% 7% 10% 13% 16% 19% 22% 25% 28% 31% 34% 37% 40% 43% 46% 49% 52% future risk premia and the long-run exchange rate. These revisions need to be in opposite directions because order flows contain little information relevant for forecasting future interest di↵erentials so R u (h) + R ū s (h) must be close to one. Notes: The variance ratio shown at the top of each panel is reported in the columns headed "estimate" based on either the VAR-D model (left-hand column) or VAR-P model (right-hand column). Standard errors for the VAR-D ratios are shown in parentheses based on 5000 bootstrap replications. The columns headed by "p-value" report the fraction of the bootstrap replications where the ratio computed from estimates of the VAR-P model was larger than the ratio computed from estimates of the VAR-D model. Table 7 In summary, our estimates of the baseline VAR-D and VAR-P models clearly show that financial enduser order flows convey an economically and statistically significant amount of incremental information concerning the future behavior of the EURNOK depreciation rate; information beyond that contained in current Euro-area and Norwegian interest rates. Moreover, this information is almost exclusively related to the future behavior of the risk premia rather than interest di↵erentials. We also find that unexpected order flows contribute significantly to the unpredictable variations in the EURNOK rate because they convey information that produces sizable revisions in expected future path of the risk premia and long-run exchange rate.
Historical Contributions
The variance ratios examined above provide measures of the incremental information conveyed by order flow measured over the whole sample period. Of course, the actual information conveyed by order flow varies week-by-week. To examine these variations, we compare the historical paths for the expected long run exchange rate and the present values of future interest di↵erentials and risk premia implied by the VAR-P and VAR-D model estimates.
The upper panel in Figure 5 plots the path of the EURNOK rate with the estimates of the expected long-run rate based on the VAR-P and VAR-D models:S n t = exp(s n t ) for n = {p, d}, respectively. Recall thats n t is the expected value of the log exchange rate ten years into the future. So vertical di↵erences between the plotted paths forS Thereafter they remain comparatively stable until 2012, when they begin to fall. The comparative stability in both sets of estimates away from the world financial crisis is consistent with the small values for the estimated variance ratios R e r r (h) and R u r r (h) discussed above. More importantly, the di↵erences between the estimates implied by the VAR-P and VAR-D models are rather small and short-lived. So it appears that financial order flows rarely contained significant incremental information about future interest di↵erentials.
Order flows play a much more significant role in driving expectations concerning the risk premium. The lower panel of Figure 6 plots the expected risk premia term,Ê n t P 519 i=0 t+i implied by the VAR-D and VAR-P model estimates. Notice that on average the expected risk premium terms are negative, implying an long-term appreciation of the NOK of approximately 1.22 percent per year. This almost exactly o↵sets the average long-term depreciation of NOK implied the expected interest di↵erential terms. As the plots clearly show, there are persistent periods where order flows convey significant incremental information concerning future risk premia beyond that contained in interest rates. In fact the di↵erences between the expected risk premia terms largely coincide with the divergent estimates of the expected long-run depreciation plotted in the lower panel of Figure 5 . The incremental information contained in order flows concerning future risk premia are the primary source of the di↵erences in expected long-run depreciation rates.
The plots of the expected risk premium term also provide an interesting perspective on the factors driving the EURNOK rate from the beginning of the world financial crisis in mid-2007. Recall that the risk premia in our model identifies the expected (log) excess return to a Norwegian investor holding euro-area bonds. Thus expected risk premia term,Ê n t P 519 i=0 t+i , represents the expected excess return to a Norwegian investor of rolling over a weekly euro-bond position for the next ten years. With this perspective, consider the movements in the expect risk premia terms around the hight of the world financial crisis. Panel B of Figure   6 shows that estimates ofÊ In each instance, expected excess returns on euro-bond positions conditioned on order flow information fell well below the estimated conditioned on only public information. This pattern may be attributable to a fall in the perceived risk of holding euro-area rather than Norwegian short-term bonds. The estimates of E n t P 519 i=0 t+i also diverge for over a year starting at the end of 2009. In this case expectations conditioned on order flow indicate that the perceived risks of holding euro-area bonds had risen relative to those associated with Norwegian bonds. Interestingly, this period coincides with the first-phase of the european debt crisis when the NOK was viewed as something of a "safe haven". Finally, the estimates ofÊ n t P 519 i=0 t+i diverge in the last two years of our sample period. Estimates conditioned on order flows first rise markedly in 2012, leading estimates conditioned only on public information. Thereafter, the estimates conditioned on order flow fall back but there is no significant change in the estimates conditioned on only public information.
Figure 6: Components of Expected long-run Depreciation Rates
A: Expected interest di↵erentials,Ê n t P 519 i=0 {rt+i rt+i} for n = d black with bullets; and for n = p, red with triangles. All series are 4-week moving averages.
B: Expected risk premia,Ê n t P 519 i=0 t+i for n = d black with bullets; and for n = p, red with triangles. All series are 4-week moving averages.
Robustness
We examine the robustness of our results along three dimensions. First, we check that our variance ratio estimates are robust to the inclusion of additional lags in the VAR-P and VAR-D models. Second, we add the change in oil prices and Norwegian real estate prices to the set of macro variables included in both the VAR-P and VAR-D models. Third we examine how the variance ratios implied by the VAR-D model change when we use the order flows of di↵erent end-users to identify the error-correction term.
Increasing the number of lags in the VAR-P and VAR-D models make no appreciable di↵erence to the results. Although the p-values associated with the Granger Causality tests in Table 6 are somewhat larger, the general forecasting patten is unchanged when we re-estimate the models with either two or three lags.
More importantly, the variance ratios implied by these alternate specifications are essentially the same as those reported in Table 7 above.
Since our analysis focuses on the incremental information conveyed by end-user order flows (i.e., information that cannot be inferred from publicly observed macro variables), it is important to check that our findings are robust to inclusion of additional macro variables that may span more of the public information set than the interest rates and EURNOK exchange rate we include in our baseline VAR-D and VAR-P models. In the case of Norway, two variables are obvious candidates to consider for this purpose: oil and Norwegian real estate prices. Variations in both oil and real estate prices are correlated with changing macroeconomic and financial conditions within Norway (e.g., Bjørnland and Thorsrud, 2015; Bjørnland and Jacobsen, 2010) , so insofar as these changing conditions are not reflected in the Norwegian term structure, the variables may span a portion of the public information set that was not covered in our baseline VAR-D and VAR-P models. In particular, it is possible that variations in both oil and real estate prices contain more precise information about future short-term Norwegian interest rates than could be inferred from the term spread alone. And, as a consequence, our baseline models understate the extent to which the EURNOK rate varies with expectations concerning future interest di↵erentials.
Overall, we find that adding oil and real estate prices to the VAR-P and VAR-D models has very little impact on the variance ratio estimates. In VAR specifications with one to three lags we find no evidence that either variable has significant incremental forecasting power for any of the other variables in either the VAR-P or VAR-D models. Furthermore, the variance ratios computed from the VAR-D models are very similar to those reported in Table 7 . The one di↵erence we do find is that the VAR-P models now produce slightly larger estimates of the R u (h) ratio: ranging from 0.06 to 0.15 as the horizon increases from 1 to 52 weeks. Thus shocks to oil and real estate prices produce larger revisions in expectations concerning future risk premia conditioned on public information than in our baseline VAR-P model. However, these estimates continue to be statistically very di↵erent from those conditioned on order flows, consistent with the results in Table 7 .
Finally, we consider an alternative specification for the error-correction term included in the VAR-D model; one estimated using the cumulated order flow from the non-financial end-users. The correlation between this term and the term in the baseline model is 0.74. We find that the variance ratio estimates from this alternative version of the VAR-D model are very similar to those in Table 7 at short horizons below 12 weeks. However, at longer horizons the information conveyed by the non-financial order flows have somewhat di↵erent characteristics. First, they contain more information about future depreciation rates.
At one year the estimates of R E s are approximately 0.4, which is twice as large as the estimate based on the order flows of financial end-users. Second the estimates of R u are smaller (more negative) while the estimates of R ū s are larger, approximately -0.6 and 1.6, respectively at the one year horizon. Together, these results indicate that non-financial end-user order flows contain rather more long-term information about the level of the EURNOK and the risk-premia that the financial flows in our baseline model.
Conclusion
The results in this paper help clarify why order flows are empirically important proximate drivers of exchange rate dynamics. Our decomposition for the depreciation rate provides an information-based perspective on the role order flows plays in exchange rate determination that bridges the gap between traditional models that focus on macro fundamentals, and micro-based models that focus on currency trading. Empirically, our analysis of the EURNOK market based on this decomposition revealed several noteworthy findings.
First, we found that order flows have significant (incremental) forecasting power for future depreciation rates over much longer (macro-relevant) horizons than reported in earlier research. Second, none of order flows' forecasting power reflects information they contain concerning the path of future interest di↵erentials, but instead arises because flows carry information about future risk premia (excess returns). Finally, our historical decomposition reveals several periods around the world financial crisis and european debt crisis where the information conveyed by order flows concerning risk premia significantly a↵ected the behavior of the EURNOK rate.
To compute the contribution of news concerning the future risk premium, first note that
With equations (A8) -(A11) we can compute
